Abstract-Survival tree based analysis is a powerful method of prognostication and determining clinically meaningful patient groups from a given dataset of patients' length of stay. In our previous work [1, 2] we proposed a phase type survival tree method for clustering patients into homogeneous groups with respect to their length of stay where partitioning is based on covariates representing patient characteristics such as gender, age at the time of admission, and primary diagnosis code. This paper extends this approach to examine the relationship between LOS in hospital and destination on discharge among these patient groups. An application of this approach is illustrated using 5 year retrospective data of patients admitted to Belfast City Hospital with a diagnosis of stroke (hemorrhagic stroke, cerebral infarction, transient ischaemic attack TIA, and stroke unspecified).
INTRODUCTION
Survival tree based analysis is a powerful method of partitioning survival data into clinically meaningful patient groups for prognostication i.e. for determining importance, effects of various input covariates (such as a patient's characteristics) and their effects on output measures such as patients' survival, their expected length of stay, discharge destination, treatment outcome, disease risk, or disease progress [3, 4] . Phase type survival tree [1] are special type of survival trees where each node of the tree is separately described by phase type distributions [5] . Phase type distributions can realistically model the process of a patient's journey through different stages of care as a Markov stochastic process [5] . In our previous work [1, 2] , we proposed a phase type survival tree method for clustering patients into homogeneous groups with respect to their length of stay (LOS) where partitioning is based on covariates representing patient characteristics such as gender, age at the time of admission and primary diagnosis code. This paper first illustrates how this approach can be used to identify and quantify the significance and effects of various input covariates (such as a patient's characteristics) and their interrelation with a patient's length of stay in hospital. The paper then describes how such phase type survival trees can be extended to examine the relationship between LOS in hospital and destination on discharge among the patient groups identified by the tree. An application of this approach is illustrated using 5 year retrospective data [6, 7] Patients were aged between 24 years and 101 years. The range of LOS is 0 days to 1425 days, mean LOS is 29.01 days, median LOS is 12 days, the mode LOS is 3 days, standard deviation is 52.84 days and coefficient of variation 182% [6, 7] .
II. PHASE TYPE SURVIVAL TREE
Phase type distributions are among popular choices to fit spell length of stay data [5] as they are defined on the nonnegative real numbers (memoryless property) and provide an intuitive description of the patient pathways followed [5] . In [1] we illustrated how phase type survival trees can be constructed and used for clustering hospital length of stay data. 
A. Modelling LOS using Coxian-phase type distribution
We have used Coxian-phase type distributions to approximate each node of the survival tree. Coxian-phase type distributions model a patient's journey through different stages in the care system (i.e. a patient pathway) as an n state Markov process (See Fig. 1 ). These states are conceptual states representing the stages in hospital. A patient can be admitted to the care system only in the first state (state 1). Sequential transitions are possible from any state k (where k = 1, 2, …, n) to the next state k+1 with a transition rate λ k . Also transition is possible from any state k to the absorbing state n+1 with a transition rate μ k . The absorbing state represents the event discharge or death of the patient. The time spent in the hospital before discharge or death has the probability density function:
where the row vector
The transition matrix Q is defined as
and the column vector q represents absorption probabilities and is defined as
The log likelihood function is defined as follows [8] :
where N is the total number of patients in the care system and t i is the spell length of stay of a patient i (i = 1,2,3,… N). This n state Coxian phase type fit of spell length of stay data has 2n-1 free parameters (degrees of freedom) to be estimated.
We fit Coxian phase type distribution to each group starting with one state (exponential) and progressively increasing the number of states until an optimal number of states was determined. We used a freely available downloadable package EMpht [9, 10] , which implements maximum likelihood parameter estimation using the expectation-maximization (EM) algorithm.
B. Survival tree Construction
A survival tree can be constructed by recursively splitting nodes into daughter nodes by one of the covariates. A split which maximizes with in node homogeneity by providing maximum significant improvement in the function (-2*Log likelihood) is selected to grow the tree. If at a node, there is no split providing significant improvement in the function (-2*Log likelihood), the node is designated as a terminal node. Figure 2 . Phase type survival tree for length of stay data on stroke patients from the Belfast City Hospital Fig. 2 is the schematic representation of the final phase type survival tree for the length of stay data on stroke patients from the Belfast City Hospital. The resulting tree has 11 leaf nodes. Table 1 lists nodes of the tree and possible splits of these nodes. Bold faced covariates were selected for splitting the parent node. Table 1 also enlists number of patients in each patient group (size of the group), mean LOS and standard deviation for each patient group. This information can help in understanding the statistical difference in the length of stay among different patient groups. The total improvement in the function (-2*Log likelihood) is 524.17216 at the cost of 50 additional free parameters (p<0.000001). Fig. 2 shows that phase type survival tree analysis determined 11 clinically meaningful patient groups (prognostic groups) from the survival data on stroke patients from the Belfast City Hospital. Each group follows a distinct patient pathway within the system. We can examine the relationship between age, gender, diagnosis and LOS by further analysis of the results in Table 1 .
At level 1, it shows that most significant split is by the covariate 'stroke diagnosed' ( At level 2, for all nodes, the covariate 'age' provided the most significant splits while the covariate 'gender' did not provide significant splits for the group of patients with diagnosis cerebral infarction and for the group of patients with diagnosis TIA. This can also be verified by the mean length of stay for each splits (see Table 1 It illustrates that the phase type survival tree based analysis can be used to identify independent predictors of LOS and to estimate the length of stay of a patient based his/her characteristics (age, gender, diagnosis) available at the time of admission. It provides better understanding of the patient flow, heterogeneity of patient pathways and length-of-stay characteristics in addition to clustering survival data into clinically meaningful patient groups. In the next section we illustrate how this method can be extended to examine the relationship between outcome measures such as LOS in hospital and destination on discharge and their interrelationship with patient characteristics.
IV. THE EXTENDED PHASE TYPE SURVIVAL TREE
The phase type survival tree method can be extended to examine the effect of discharge destination on patient's length of stay distribution and to determine how each group of patients (determined using phase type survival tree method) can be further partitioned into subgroups with more homogeneous patient pathways. The covariate 'discharge destination' can have any of the three values death, private nursing home or other destination such as patient's normal residence. Figure 3 . Extended phase type survival tree for length of stay data on stroke patients from the Belfast City Hospital Each leaf node (or terminal node) of the survival tree of Fig. 2 is further partitioned into daughter nodes by the covariate 'discharge destination'. We grow the tree if the split maximizes node homogeneity by minimizing the BIC (Bayesian information criteria [12, 13] ). If at a node, the split does not provide the lower BIC, the node is kept as a terminal node. Here we used selection criteria minimizing the BIC in place of significant improvement in the function (-2*Log likelihood) as the population size (N) of some patient groups is very small. A Bayesian information criterion (BIC) does not only penalize the likelihood for the complexity (number of free parameters) of the model [14] , it is order consistent [15] and choose the most parsimonious model even in case of a small population size [14, 15] . The Bayesian information criterion is defined to be [12, 13] : Fig. 3 is the schematic representation of the extended phase type survival tree for the length of stay data on stroke patients from the Belfast City Hospital. The resulting tree now has 29 leaf nodes. Table 2 lists original leaf nodes of the tree and possible splits of these nodes by the covariate discharge destination. Bold faced splits were selected for splitting the parent node. Parent nodes are represented by bold italic faced row with destination all. Similar to Table 1, Table 2 also presents the number of patients in each patient group (size of the group), mean LOS and standard deviation for each patient group. This information can help in understanding the statistical difference in the length of stay among different patient groups. The total improvement in the BIC is 135.99 (the total BIC of the extended tree is 16377.24, the total BIC of the survival tree of Fig. 2 is 16513 .23 and the BIC min of the root node is 16853.57).
After growing the tree with the covariate 'discharge destination', we can cluster the length of stay data into 29 clinically meaningful patient groups each represents a distinct patient pathway within the system. By further analysis of the results in Table 2 , we can examine the relationship between LOS and discharge destination and its interrelation with age, gender and diagnosis. We can see that in all except two patient groups (i.e., leaf nodes in Fig. 2) , the discharge destination has prognostic significance, i.e., patients with different discharge destinations follow different patient pathways, while, there is homogeneity among patient pathways followed by the group of young patients with Hemorrhagic stroke. Similarly young patients with unspecified stroke followed homogeneous patient pathways. Also in all but one patient groups (i.e., leaf nodes in Fig. 2) , those patients who are eventually discharged to a private nursing home are most likely to have longer length of stay. The only exception is the group of patients with TIA.
It illustrates that the extended phase type survival tree method can effectively be used to examine the relationship between LOS and destination at discharge and their interrelation with patient characteristics such as age, gender and diagnosis. It provides understanding of the heterogeneity of patient pathways and length-of-stay characteristics in addition to clustering survival data into groups of patient following homogeneous patient pathways. Although the information about the discharge destination is not available at the time of admission, we can assign the probability to each discharge destination using cohort analysis. Using the resource planning model of [16] , this information can be used for estimating bed requirements and cost of care separately for each patient group following homogeneous patient pathways and thus better estimations of resource requirements and cost of care for the whole care unit as it considers the effects of individual cluster (or cohort) of patients, their interactions in the whole care unit and the effect of demographic changes in the patient population.
V. CONCLUSION
Phase type survival tree based analysis can effectively be used for prognostication of survival data and for clustering survival data into groups of patients following homogeneous patient pathways. It is an effective method for determining the relationship between input covariates and outcome measures and their interrelations. It provides understanding of heterogeneity of patient pathways stratified by covariates representing patient characteristics such as age, gender, diagnosis and outcome measures such as destination at discharge. We can also use the model to estimate the length of stay of a patient based on his/her characteristics (age, gender, diagnosis) available at the time of admission. We can extend this approach by further growing the tree by partitioning the leaf nodes into subgroups with more homogeneous patient pathways based on covariates representing outcome measures such as discharge destination. Although the information about the discharge destination is not available at the time of admission, we can assign the probability to each discharge destination using cohort analysis. This information can be used for estimating bed requirements for each group of patients (following homogeneous patient pathways) and capacity planning for the whole care system. As future work we will use phase type survival tree based analysis for modelling cost of care, blocking queues, and effect of delayed discharge in a stroke unit of a hospital.
